Introduction
The economic liberalization during the last couple of decades led to impressive economic growth and poverty reduction in many developing countries. This period has also witnessed worsening of income inequality and widening of spatial disparity (World Development Report (2009); Kanbur and Venables (2005) ; Kim (2008) ). The rise in spatial inequality has become an important concern among policy makers in many developing countries. The widening spatial inequality in the course of rapid economic growth may not be economically ine¢ cient if it is an outcome of increasing specialization based on comparative advantage and/or increasing returns. 1 However, spatial inequality is particularly problematic if it is primarily due to inequality of opportunities such as inequality in the provision of infrastructure, education and other services. This inequality can be argued to be of the "wrong" kind on the grounds of both economic e¢ ciency and social desirability. From the perspective of policy making, it is thus important to know the sources of spatial disparity. In this paper, we construct a simple measure to track spatial disparity in welfare overtime. This measure can be decomposed to ascertain contributions of di¤erent factors to spatial inequality. We apply this method to examine the evolution of spatial disparity in welfare as well as its determinants in Bangladesh.
There are numerous studies documenting spatial di¤erences in welfare in developing countries.
The existing literature has taken two analytical approaches to examining spatial disparity in welfare. The most common approach is to use regression of per capita expenditure on observable household and community characteristics. The signi…cance of area …xed e¤ects and/or community variables in this regression is taken as an evidence of the importance of geographical location (Ravallion and Wodon (2001) ). Escobal and Torrero (2005) on the other hand performed spatial autocorrelation analysis of the residual from the above regression. While these approaches can indicate signi…cance of geographical di¤erences, they do not directly provide a measure of how important those di¤erences are or how those di¤erences evolve over time. The second approach utilizes the local area estimation technique to estimate Theil inequality coe¢ cients at local levels from census data and decompose the inequality index into within and between community indices (Elbers, Lanjouw, Mistiaen, Ozler and Simler (2004) ). This approach however cannot be directly used to explore the factors that may lead to spatial di¤erences in welfare, as can be done in the …rst approach. This paper constructs a simple measure of spatial disparity in welfare. This measure, termed as "spatial disparity index", estimates the proportion of total variations in welfare that can be attributed to common area characteristics faced by households living an area/community. Our "spatial disparity index" can be thought of as a spatial analog of the "neighborhood correlations"
proposed by Solon study has yet used this measure to study spatial inequality in welfare.
In a spatial equilibrium model, households are sorted into communities/areas in terms of income opportunities and amenities (Roy(1951) , Roback(1984) ). Such sorting means that households of similar attributes and hence similar welfare status tend to live in the same community, resulting in a positive correlation in income and welfare among households. At the one extreme of complete segregation or perfect sorting, all households living in a community will look similar, producing a spatial disparity index estimate of unity. In this case, all of the inequality in welfare is due to inter-community di¤erences. In contrast, if there is no sorting, then a randomly selected sample of households from a community will be indistinguishable from a random sample of households from any other community. The di¤erence in welfare in this case is entirely due to within community di¤erences (spatial disparity=0). We adopted a mixed e¤ects model to estimate the spatial disparity index. Our empirical approach has at least two advantages. First, the spatial disparity index can be estimated from di¤erent representative household surveys to ascertain the evolution of spatial disparity over time. The magnitudes of estimated spatial disparity indices for di¤erent years can be compared to check out for spatial convergence or divergence in welfare.
Second, the mixed e¤ects model can be utilized to determine the community attributes that are important in explaining spatial di¤erences in welfare.
The factor and non-traded goods prices in a spatial equilibrium model internalize the amenity and productivity di¤erences among communities and household welfare -appropriately adjusted for sorting -are equated across areas. With free factor mobility, welfare di¤erences should thus be explained mostly by household attributes. The role of opportunity becomes more prominent when labor mobility is restricted. There is now credible evidence that even when there are no formal o¢ cial restrictions on labor mobility, migration is costly due to uncertainty about job search as well as travel and other personal costs (Shilpi (2011) , Fafchamps and Shilpi (forthcoming), Ravallion and Wodon (1999) ). Moreover, people may lack necessary human capital to switch easily between jobs (Puga (1999) ). For instance, parents with relatively low human capital may end up living in a village where school access is limited and their children may not have the education and skill to avail themselves better jobs in urban areas. This inequality of opportunity will perpetuate spatial inequality overtime.
The e¤ects of a change in opportunity on spatial disparity in the equilibrium -for instance due to investment in infrastructure and services in some locations -depend on the relative strength of "amenity" and "productivity" e¤ects of investment. Improved access to services such as electricity not only contributes to productivity of …rms/farms ("productivity" e¤ect) but also enables households to carry out chores more e¢ ciently ("amenity" e¤ect). When productivity (amenity) e¤ects predominate, spatial disparity tends to increase (decrease) in the short to medium term. In the empirical analysis, we group observed community attributes into two broad categories: one relates to availability of infrastructure, services and agro-climatic conditions, and the other includes variables that depict possible sorting of households (human capital, employment composition etc).
To emphasize the role of opportunities, we focus on basic infrastructure such as electricity, phone, sanitation etc that most households should have access. Similarly, among household attributes, we focus on human capital that relates directly to (…rm) productivity. We estimate the amount of spatial di¤erence in welfare that can be explained by each set separately and by all di¤erent sets combined together.
We analyze spatial di¤erences in welfare in Bangladesh using two household surveys a decade apart (2000 and 2010). The study of spatial inequality in Bangladesh is interesting at least for two reasons. The country made signi…cant strides in poverty reduction between 2000 and 2010.
The poverty headcount rate fell from 48.9 percent in 2000 to 31.5 percent in 2010 (World Bank (2013)). During the same period, the incidence of poverty declined more than proportionately in traditionally poorer regions, pointing to possible narrowing of welfare gaps across regions. There is also no evidence of signi…cant change in overall inequality over the same period. The narrowing of regional disparity is however contrary to the overwhelming evidence of regional divergence found in many developing countries (World Development Report (2009); Kanbur and Venables (2005) ; Kim (2008) ). For policy makers in developing countries, it would be particularly useful to identify the factors that have in ‡uenced the change in spatial inequality in Bangladesh. The second interesting feature of Bangladesh is that there is no administrative restriction on either in or out migration from any region. As much of the Bangladesh's population share the same ethnicity, religion and language, there exist no serious ethnic or cultural barriers to internal migration either. The absence of major formal (o¢ cial) and informal (cultural/ethnic) impediments to labor mobility implies that much of the friction in labor mobility arises from lack of infrastructure (Shilpi (2011) ) and lack of human capital to facilitate movement from unskilled to skilled jobs. these years. The sustained urban-rural di¤erence in spatial disparity is consistent with lower labor mobility due to higher skill requirements in urban jobs. The mixed e¤ects estimation results show that much of the spatial variations in welfare (log per capita expenditure) in the pooled and urban samples in both survey years can be explained by three community level variables: average years of education, percentage of households with electricity connection, and with phone ownership. In the rural sample, agro-climatic conditions also explain a large share of inter-community variations in welfare. While electricity and phone coverage improved substantially in both urban and rural areas, such improvements had con ‡icting in ‡uence on the magnitudes of spatial disparity in urban and rural areas. In urban areas, expansion of electricity and phone network brought newer households under coverage whereas …rms already had these connections. As a result, amenity e¤ects predominated productivity e¤ects and led to spatial convergence. In contrast, spatial disparity in the rural areas remained nearly unchanged suggesting that amenity and productivity e¤ects perhaps o¤set each other.
The rest of the paper is organized as follows. Section 2 organized in di¤erent sub-sections lays out the empirical and conceptual framework. Section 3 describes the datasets used in the empirical analysis. Section 4 organized in di¤erent sub-sections presents the empirical results.
Section 5 draws some policy recommendations. 5 
Conceptual and Empirical framework

Empirical Methodology
Let Y ij represents welfare of household j in community i. We assume that we can decompose welfare into three additive terms as:
Where Y ij is the welfare index (log of per capita real expenditure (LRPCE)) household j in community i, is the population mean of LRPCE, a i is a community component which is common to all households in community i and b ij is the household speci…c component for household j which captures j's deviation from the community component. In this formulation, a i captures e¤ects of all common (observable and unobservable) area characteristics faced by households living in a community.
Assuming that the components a i and b ij are independent, the variance of Y ij can be expressed as the sum of variances of the community and household components as:
We de…ne an index of spatial disparity which measures the between-community di¤erences in welfare as:
Where measures the proportion of the variance of household's welfare that is attributable to common community/neighborhood backgrounds. Consider two households, j and k, living in community i. Using equation (1) , the correlation in the welfare of these two households can be 6 expressed as:
Thus also measures the correlation in welfare levels of households living in the same community. Because of this interpretation of , it is also known as "neighborhood correlation ( In order to estimate the spatial inequality index , we need to estimate the between community ( 2 a ) and within community ( 2 b ) variations. This is done by estimating a mixed e¤ects model for equation (1) . Suppose we have data for two years (t and t + 1). The comparison of estimates of for these two years can indicate spatial convergence or divergence in welfare over these years.
For instance, ( t t+1 ) > 0 implies spatial convergence and vice versa.
To identify the sources of spatial disparity, we utilize a more general mixed e¤ects model:
Where Z ij is a vector of control variables. 
Sources of Spatial Disparity and Convergence/Divergence: Theoretical Insights
We rely on simple spatial equilibrium model to determine the relevant variables to be included in Z ij : In a standard spatial equilibrium model, households and …rms choose their location in order to maximize their welfare and pro…t respectively. Given endowments of natural resources (e.g. land, climatic conditions) and infrastructure and services, factor prices and prices of non-traded goods are determined in the spatial equilibrium so as to make households and …rms indi¤erent across locations. The long run equilibrium conditions can be summarized as:
where V ij is the indirect utility function of household j in location i, M ihj is the migration 8 cost between location i and h, s i is the endowment of infrastructure and services and other resources and ik is the pro…t of …rm k. w i ; r i and p ni are wages, rents and price of non-tradeable good respectively. The equilibrium condition in equation (5) states that once household level heterogeneity is appropriately controlled for, the di¤erence in welfare between two locations (i and h) should not exceed the cost of migration between them. Welfare levels may still vary across areas because of sorting of households (richer households clustering in the same neighborhood and vice versa). But once we control su¢ ciently for household sorting and possible migration costs, the spatial di¤erence in welfare ( ) should become small and perhaps insigni…cant in magnitude in the long run equilibrium. Thus an important set of controls to be included in Z ij is the vector of variables re ‡ecting heterogeneity of household attributes across locations.
The sorting of households as well as the prices of goods and factors at di¤erent locations are however outcomes of the relative attractiveness of the locations. The attractiveness of a place is determined by its natural endowments of land and geo-climatic conditions, and availability of infrastructure and services. The basic determinants of are thus di¤erences in the endowments of natural resources and provision of infrastructure and services (s in equations 5 and 6). To examine the extent to which spatial disparity is determined by these basic locational attributes, we included a set of variables indicating access to basic infrastructure and services as well as geoclimatic conditions in Z ij . We focus speci…cally on those basic infrastructure and services variables that every household should have access to (e.g. electricity). If these basic infrastructure/services are provided equally across locations to ensure "equality of opportunities", then they should not be sources of spatial di¤erence in welfare.
The equilibrium condition in equation (5) allows welfare between two locations to be di¤er due to costly migration. Migration cost is not the only friction in labor mobility. As emphasized in Puga (1991) , lack of skilled workers can sustain welfare di¤erences across areas. For instance, urban jobs often require specialized skills which rural workers may lack. This leads to greater welfare di¤erences between urban and rural areas compared with di¤erences implied by migration costs alone.
How does a change in infrastructure or services coverage a¤ect spatial disparity? Consider the case when electricity connection is given only to …rms in community i: The availability of electricity facilitates automation of production leading to signi…cant reduction in costs. As more …rms locate in i to take advantage of lower costs, equilibrium conditions in equations 5 and 6
imply that wages, rents and non-traded prices will rise and more households will move to location
i. This could result in an increase in due to rise in factor prices and greater sorting of households across communities in the short to medium term.
Now consider the case where additional households are brought under the coverage of electricity in village i. Since households derive positive utility from being able to read newspapers, watch TV and run appliances, this increases V i at the initial price vector, leading to more households moving to village i. In the new equilibrium, rent and price of non-traded goods will rise, and wage fall (as households are willing to forego wage to get extra utility from electricity) in location i: Prices and wages in all other locations will move in the opposite direction. As a result, welfare di¤erences across locations ( ) will be smaller in the short to medium term, though in the long run equilibrium, welfare di¤erences between locations should not exceed the migration costs between them.
If both households and …rms receive bene…ts from electricity connections at the same time, its e¤ect on spatial disparity in welfare will depend on the strength of the "amenity e¤ect"
on households relative to that of "productivity e¤ect" on …rms, while both rents and prices of non-traded goods will rise, and there will be more concentration of households and …rms in i.
Investment in the provision of infrastructure and services can thus have non-linear e¤ect on spatial disparity in welfare. 2 Another important source of non-linearity is that once all households in 2 Puga(1991) illustrates additional channels through which expansion of road transport for instance can initially the country have electricity connections as observed in most developed countries, then electricity connections should not be a source of spatial disparity any more though intensity of electricity use may still vary with households'incomes.
Empirical Estimation
In the empirical estimation, we follow the practice of existing literature and use log of per capita real expenditure as an indicator of welfare (V ij ):Per capita household expenditure is de‡ated by the spatial cost of living index. We estimated spatial disparity indices for two years 
Data
The main data sources for our empirical analysis are the two rounds of the Household Ex- The survey collected a wealth of information on many aspects of living standards including detailed household level expenditure, demographics, employment, education and housing characteristics. We utilized these surveys to de…ne employment composition, education levels, and other community level infrastructure and service provision variables. We also constructed several spatial price indices from the survey data. While HIES data can be used to generate many community variables, the datasets do not have information on geographical attributes of the communities. We collected information on agro-climatic conditions and distances to cities from other data sources. Rainfall data are drawn from Bandyopadhyay and Skou…as (2012). The original data on rainfall come from the Climate Research Unit (CRU) of the University of East Anglia.
The CRU reported estimated monthly rainfall for most of the world at the half degree resolution from 1902 to 2009. The CRU estimation combines weather station data with other information to arrive at the estimates. 4 To estimate the sub-district (upazila/thana) level rainfall from the CRU data, Bandyopadhyay and Skou…as (2012) uses area weighted averages. 5 Travel times to di¤erent destinations were computed using GIS software. Data on agro-ecological zones are drawn from the Bangladesh water board database. Table 1 
Empirical Results
Our estimation of spatial disparity index is based on equation (4) . In all di¤erent speci…cations of equation (4), age dummies for the household head and his/her gender are included as controls.
We then introduce other control variables one at a time, and then simultaneously. We divide the controls into three di¤erent sets: (i) variables indicating agro-climatic endowments; (ii) variables indicating access to infrastructure and services; and (iii) variables depicting locational sorting of households. The mixed e¤ects model speci…ed in equation (4) is estimated using the Restricted Maximum Likelihood (REML) technique which is implemented by the xtmixed command in Stata.
The spatial disparity coe¢ cient ( ) and its con…dence intervals are estimated by applying the NLCOM command after the mixed e¤ect estimation. All estimations are done for the full sample and for rural and urban samples separately. We also perform several robustness checks.
Spatial Disparity in Welfare
We start with the result from our simplest speci…cation of equation (4) The lower panels of Table 2 
Access to Infrastructure and Services
In this sub-section, we focus on some basic infrastructure and services that households living in a community should have access to but may not have it yet. We analyze di¤erences in access to electricity, phone, sanitation, safe drinking water and to large urban markets across communities.
It should be noted that all access variables are de…ned as the proportions of households in the community that have access to that infrastructure or services. These access variables are intended to capture inequality of opportunity, as we are focusing on basic infrastructure and services that every household should have access. 6 As before, we …rst add each access variable separately in order to explore their individual contributions to spatial di¤erence in welfare, and then add all of the variables simultaneously. The estimates of neighborhood correlations from these experiments are reported in Table 3 . The regression coe¢ cients from these experiments are reported in appendix table A.2. The topmost panel in Table 3 reproduces the baseline estimates for the ease of comparison.
First, we consider access to electricity. On average, 37 percent of the households in 2000 and 58 percent of households in 2010 had access to electricity (appendix Table A Table 3 reports the estimates of spatial disparity indices when we control for the proportion of households in a community with access to electricity in the regression. The estimates become signi…cantly smaller compared with our baseline estimates in all three of our samples and in both survey years.
The estimate for the full sample in 2000 declines from 0.363 in the baseline to 0.231 when access to electricity is added as a control. This means that electricity connection's absolute contribution to spatial disparity is 0.13 which is about 36 percent of the baseline estimate of spatial disparity.
The regression coe¢ cients reported in table A.2 shows that LRPCE is positively and signi…cantly correlated with households' access to electricity in both survey years and for all three samples.
The results suggest that access to electricity matters signi…cantly in determining the size of spatial disparity.
Between Along with access to electricity and phone, we check if any other measure of access to infrastructure and services can also help to explain spatial disparity as well. Panels D, E and F of Table 3 report the results when access to market, sanitation and safe drinking water are introduced separately in the regressions. The surveys did not collect information on distance to markets and cities from the households. We estimate these distances using a mid-1990s roadmap.
The location of survey psus are also unknown. Thus estimated travel times are from the center of the sub-district (upazila/thana) where a community is located to major urban cities. We estimated travel time to two main centers of economic activities in the country: the capital city Dhaka (population more than 10 million) and the port city of Chittagong (population more than 4 million). We also estimated trave time to the nearest city of 100 thousand or more population. 7 Access to sanitation is measured by a set of variables indicating the proportion of households in a community with access to di¤erent types of sanitation o¤ering di¤ering degrees of protection. 8 Access to safe drinking water is also measured in a similar way. While the regressions show statis- Similarly our measure of distance has no time variation due to lack of access to data on new road construction and improvement.
Panel G of Table 3 Many of the infrastructure variables are likely to be correlated with each other. We check the regressions underlying the spatial disparity index estimates in the last panel of Table 3 . 10 Despite the possibility that potential correlations can make individual coe¢ cients statistically insigni…cant, we …nd access to electricity and phone to be highly statistically signi…cant with expected positive signs in all regressions.
Sorting of Households
In the case of sorting of households, we focus on key indicators of human capital and employment compositions. The estimation results are reported in Table 4 .
We start with sorting of human capital across communities. We de…ne average years of ed- is not surprising given that much of the economic activities undertaken in rural areas do not require higher education (e.g. agriculture, trading etc). As anticipated, LRPCE is positively and signi…cantly correlated with education level (appendix Table A .
2).
Panels C and D report the results when we control for skill and sectoral composition of labor force respectively. Using occupational classi…cation of jobs, we de…ne three skill categories.
Skilled workers consist of professional workers (e.g. doctors, teachers, engineers, writers etc). Semi -skilled are those engaged in production and services activities that require some skill (e.g. clerks, production workers in manufacturing etc). The omitted category of unskilled workers consist of those who are employed mostly as agricultural workers or services workers (e.g. domestic services). Table 5 reports the results when we introduced di¤erent sets of controls discussed above in di¤erent combinations. Panel B reports the estimates of spatial disparity indices when all infrastructure and services related variables and all household attributes are introduced simultaneously. Panel C reports the results when we add geographical controls in addition to the controls introduced in panel B regressions. An important concern in the estimation of spatial disparity is that the cost of living indices are constructed at a fairly aggregate geographical unit level (stratum levels in both surveys). Such aggregate costs of living may not be able to capture the …ner variations in the cost of living across our communities. To see if this is so, we de…ne three price indices.
Infrastructure, Sorting and Spatial Disparity
An index of housing cost at district level is estimated using a hedonic regression that controlled for housing characteristics. We construct a rice price index at the community level which also nets out the quality di¤erences. To get an idea of the prices of non-traded goods, we regress the wages 22 of workers employed in services activities on worker characteristics and district …xed e¤ects. The non-traded price index is constructed from the district …xed e¤ects of this regression. The results from the regressions that added these prices as regressors are reported in the last panel of Table   5 . Table 5 (Table 3) . On the other hand, household attributes alone can account for 57 and 61 percent of spatial disparity in 2000 and 2010 respectively ( Table 4 ). The estimates in Table 5 con…rm that there is considerable overlap between infrastructure and household attribute variables. This is expected as sorting of household attributes is supposed to be outcomes of attractiveness of communities in terms of access to infrastructure and services as well as agro-climatic conditions.
What is interesting to note is that though the handful of infrastructure and geography variables can explain a signi…cant proportion of spatial variations in LRPCE, the overlap between these variables and household attributes is not complete.
In contrast to urban areas, the explanatory variables are less successful in explaining spatial di¤erences in welfare in rural areas in either years. This is partly because sorting of human capital is less important in rural areas where agriculture predominates. Though regressions control for agro-climatic conditions, these measures are de…ned at much larger spatial resolutions due to lack of information on micro agro-climatic conditions at the community level. More importantly, one would expect access to market to have larger roles in rural areas but our measure of distance is again de…ned at sub-district level and does not capture recent improvements in road transport.
To provide an indication of which of the individual regressors are important in explaining spatial variations in welfare, we report the regression results from the mixed e¤ects model in Table   6 . The regression results highlight importance of three variables in explaining spatial variations in LRPCE. These are education level, access to phone and electricity. The coe¢ cients of these three variables are large in magnitudes, positive in sign and highly statistically signi…cant in all of the six regressions. Note that access to electricity and phone are statistically signi…cant even after controlling for possible indicators of sorting and income such as education and skills. While wealthier community may be argued to have better access to these services due to income e¤ect, the regression results suggest direct in ‡uence of electricity and phone connections beyond what would have been possible if it were due only to income e¤ect.
Sources of Spatial Convergence in Welfare
To explore the sources of change in spatial di¤erence in welfare, we draw from the estimates reported in Tables 3, 4 and 5. The top row in Table 7 reproduces the estimates from the base case (top panel, Table 2 ). As already noted, these base line estimates suggest strong spatial convergence within urban areas and in the country as a whole while no substantial change in rural areas.
The estimates in Table 3 can be used to compute the contribution of infrastructure and geo-climatic variables to spatial disparity. The estimate for urban areas in 2000 is for example computed as a di¤erence between the baseline estimate in panel A and estimate in panel H in Table 3 . This estimate of infrastructure and geography's contribution can be taken as the total (upper bound) contribution including its direct and indirect e¤ects on productivity and sorting.
We compute the contribution of sorting by taking the di¤erence between estimates in panel A (baseline) and panel G in Table 4 . We also compute the lower bound estimates for the contribution of infrastructure and sorting to spatial disparity. We de…ne the lower bound for infrastructure's contribution as equal to baseline estimate ( in Table 7 ) minus portion that remains unexplained by observed attributes ( ) and the portion that is explained by sorting alone ( 2 ): This estimate sets the contribution of sorting at its highest level, and nets it out from the joint contribution of sorting and infrastructure to spatial disparity. This is a lower bound estimate because a large part of sorting itself is outcome of di¤erential infrastructure provision. We use the same methodology to estimate a lower bound estimate for the e¤ect of sorting on the magnitude of spatial disparity indices. Because the patterns of spatial convergence are di¤erent between rural and urban areas, we discuss them separately. The estimates for rural areas imply a small decrease in spatial disparity. In contrast, the spatial disparity attributable to infrastructure has increased by a small amount in rural areas.
As a result, infrastructure related variables explain a larger share of spatial disparity in 2010.
The summary statistics show signi…cant improvement in access to basic infrastructure (electricity, phone, sanitation) in rural areas. The improvements (e.g. electricity, sanitation) -though starting from a lower base -were in some instances much larger in magnitude than that in urban areas.
That such improvements left spatial disparity nearly unchanged in rural areas is puzzling at …rst sight. However, as shown in the conceptual framework, the e¤ect of better access to infrastructure on spatial disparity depends on the relative strength of its amenity and productivity e¤ects. The results for rural areas are consistent with the case where these two e¤ects nearly o¤set each other.
Despite improvements in coverage of electricity, phone and sanitation, the percentage households with access to these infrastructure and services in rural areas are still much smaller than that in urban areas. For instance, coverage of electricity in rural areas is still lower than that in urban areas ten years ago. An improvement from such a low base case is expected to increase spatial disparity as productive uses of infrastructure may get priority over its use as household amenity.
We do …nd a somewhat larger role of infrastructure related variables in explaining rural spatial disparity. Another source of the contrasting evidence for rural areas is that the geographical and infrastructure related variables included in the analysis explains relatively small share of spatial disparity. As noted before, we do not have data on improvement in road transport which is expected to be more important in explaining disparity in rural areas.
The results for our pooled sample also indicate spatial convergence between 2000 and 2010.
The results for pooled sample are similar to those from urban samples. The reduction in spatial disparity in this case is due to both decrease in infrastructure and household attributes'roles in inducing neighborhood similarity.
Finally, we …nd greater spatial disparity in urban areas and in the country as a whole compared with rural areas. The physical costs of migration are unlikely to vary substantially between urban and rural areas. The greater spatial disparity in urban areas points to the presence of an additional barrier to labor mobility. Urban jobs require speci…c skills which may not be available in other areas. This skill constraint could provide an explanation for greater spatial disparity in urban areas, and between urban and rural areas.
Conclusions
Recent years have seen a resurgence in interest in identifying appropriate policy responses to spatial inequality in developing countries. This resurgence is driven by the rising regional inequality and resulting social tensions during the post liberalization period in a large number of developing countries. To design policy responses, one must understand the sources as well as evolution of spatial disparity. This paper constructs a measure of spatial disparity which can be tracked overtime. More importantly, we introduce a decomposition analysis which can discern the relative in ‡uences of access to infrastructure and services and household attributes on spatial disparity. The spatial disparity index estimated and analyzed in this paper is comparable to "neighborhood correlations" widely used to study impact of childhood environment on adult In rural areas, agro-climatic conditions are also important for explaining welfare variations across communities. These results show that a large part of variations in welfare in Bangladesh is indeed due to unequal distribution of basic opportunities (e.g. electricity).
Between 2000 and 2010, households in both urban and rural areas experienced signi…cant improvements in access to basic infrastructure and services such as electricity, phone and sanitation.
The decline in spatial disparity in urban areas is due mainly to improved infrastructure access with sorting of educated workers playing a smaller role. We …nd the opposite in the case of rural 28 areas. The convergence in urban areas is consistent with the predominance of amenity e¤ect of infrastructure where improved infrastructure coverage favors its use for household activities. In contrast, arrival of new infrastructure (e.g. electricity) appears to have both "productivity e¤ect"
in terms of reducing production costs of …rms/farms, and "amenity e¤ect" due to household use.
The evidence for rural areas is consistent with the case where these two e¤ects o¤set each other so as to leave spatial disparity nearly unchanged.
Two interesting policy conclusions follow from the empirical analysis. To reduce spatial differences between urban and rural areas, countries with no formal and informal restrictions on migration should pay more attention to investment in education and skill formation. Such investment should facilitate mobility of workers to skilled jobs. Our results also suggest a way to deal with the rising regional inequality during the post-liberalization period. To keep regional inequality in check, investments in infrastructure and services bene…tting …rms/farms should be balanced by investments bene…tting households. For basic infrastructure such as electricity, this means providing it not only to …rms/farms for productive use but also to households for its amenity value. Robust z statistics in parentheses * significant at 10%; ** significant at 5%; *** significant at 1% Robust z statistics in parentheses * significant at 10%; ** significant at 5%; *** significant at 1% Robust z statistics in parentheses * significant at 10%; ** significant at 5%; *** significant at 1% 
